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Introduction
An accurate representation of land surface variables (LSVs) such as soil moisture or vegetation cover is critical in climate science as well as environmental monitoring and prediction (e.g. in order to cope with drought, flood or other extreme events). To that end, land surface models (LSMs) have been widely used to simulate and predict the Earth's water storage energy budgets over a broad range of time scales [1] [2] [3] [4] . For instance, the AMMA (African Monsoon Multidisciplinary Analysis) Land Surface Model Intercomparison Project (ALMIP) used a set of LSMs forced in offline mode by a combination of satellite products and high quality in situ measurements in order to better apprehend LSV processes and their representation [5, 6] . These LSMs are intended to reproduce LSVs such as surface and root zone soil moisture (SSM and RZSM, respectively), vegetation biomass and leaf area index (LAI), together with surface energy fluxes and streamflow simulations.
Over the last two decades, much progress has been made on the degree to which realistic land surface initialization contributes to the skill and performance of subseasonal land-related predictability as documented by [7, 8] in the Global Land-Atmosphere Coupling Experiment (GLACE). LSMs have subsequently benefited from the growing development of observational networks. Unfortunately those are not evenly spaced and data sparse regions remain very difficult to model with accuracy. This is the case of West Africa ( [5] and [9] ), where LSVs are of primary importance, as emphasized by many studies, see e.g. [10] and [11] . In this context, the present study aims to evaluate reanalyses of LSVs obtained with LDAS-Monde over Burkina Faso (domain shown in Figure 1 ). This country exhibits three distinctive climates: Sahel, Sudan-Sahel and SudanGuinea that cover most part of West Africa, making Burkina Faso an area of interest for such study.
Land Data Assimilation Systems (LDASs) combine LSMs with satellite observations in order to produce reanalyses of LSVs. LDAS-Monde [12] is based on the CO 2 -responsive version of the Interactions between Soil, Biosphere and Atmosphere (ISBA) LSM [13] [14] [15] [16] available through the SURFEX (SURFace EXternalisée; [17] ) modelling system of Météo-France. The reanalysis is performed by assimilating jointly satellite-derived SSM and LAI using a Simplified Extended Kalman Filter (SEKF). For that purpose, the most recent SURFEX_v8.1 Offline Data Assimilation (SODA) implementation has been utilized considering a long-term period (January 2001 to June 2018) along with the joint assimilation of both satellite-derived SSM (from 2007, [18] ) and LAI (GEOV2, from 2001, http://land.copernicus.eu/global/, last access November 2018).
The quality of LSV reanalyses depends on the quality of LSMs and observations used but also on the quality atmospheric forcings used by LSMs. Numerous improvements were made in the generation of long-term (1979-onwards) global atmospheric reanalyses, leading to more advancements in land surface modeling fields and their applications (e.g. water resources monitoring [2, 19, 20] . In line with those improvements, NASA's Modern Era Retrospective analysis for Research and Applications (MERRA; [21] , and MERRA2; [22] were the most investigated. We take advantage of the recent development of ERA5, which was released in 2017 as the fifth generation of ECMWF global atmospheric reanalyses. At the time of this study, a time-slice of the ERA5 database was available from 2001 within 3 months of real time.
ERA5 brings extensive changes compared to ERA-Interim including higher spatial and temporal resolutions as well as a generally improved representation of e.g. precipitation and incoming solar radiation (SWin) [4, 24, 25] . The performance of ERA5 and ERA-Interim precipitation and SWin is first investigated using in situ measurements over BF before studying the quality of LDAS-Monde renalysis of LSVs. Section 2 provides (i) a description of LDAS-Monde including details on the CO 2 -responsive version of the ISBA LSM and the data assimilation system, (ii) information on the atmospheric reanalyses used to force the system, the assimilated remotely sensed observations along with the insitu and satellite datasets used to assess the sensitivity of the results to the atmospheric reanalysis, and (iii) the experimental set up and the evaluation strategies. Section 3 presents the results of a performance assessment of the reanalyses against in situ measurements, the assimilation impact of the assimilated variables as well as independent satellite datasets and section 4 provides perspectives and future directions.
Materials and Methods

LDAS-Monde
The LDAS [26] [27] [28] [29] [30] developed at Météo France's Centre National de Recherches Météorologiques (CNRM) allows the integration of satellite-derived products into the ISBA LSM using a data assimilation scheme. It has been recently expanded to global scale (i.e. LDAS-Monde) [12, 31, 32] .
LDAS-Monde is accessible through the open-access SURFEX modelling platform [17] (https://www.umr-cnrm.fr/surfex, last accessed January 2019). The following subsections quickly recall the main components of LDAS-Monde. More details can be found in [12] . constitutes the ecosystem respiration (RECO). The difference between these two quantities corresponds to the net ecosystem CO 2 exchange (NEE).
In the model version used in this study, ISBA parameters are prescribed for 12 generic land surface types, which consist of (i) nine plant functional types (needle leaf trees, evergreen broadleaf trees, deciduous broadleef trees, C3 crops, C4 crops, C4 irrigated crops, herbaceous, tropical herbaceous and wetlands), (ii) bare soil, (iii) rocks, and (iv) permanent snow and ice surfaces. Those parameters are derived from the ECOCLIMAP land cover database [35] .
Data assimilation
LDAS-Monde routinely uses a Simplified Extended Kalman Filter (SEKF, [27] ) to assimilate observations of SSM and LAI. This approach considers the observation operator as the product of the model propagation of control variables from one analysis time step to the next one with the projection of those variables to observation equivalents. The analysis requires the calculation of the Jacobian of the observation operator. It is computed using finite differences obtained by perturbed model runs. In this study, the analysis step updates modeled LAI and soil moisture from layer 2 (1-4 cm) to layer 7 (60-80 cm). The approach is fully detailed in [12] .
Datasets and data processing 2.2.1 In situ measurements
In this study, in situ data of precipitation for the 2010-2016 period were provided by the General Directorate of Meteorology (GDM) of Burkina Faso (BF), as previously used by [36] . It consists of 134 stations which are relatively well spread over the country except for less density in the north of BF also called Sahel zone (SH) and eastern part of Sudan-Sahel zone (SS) of the domain ( Figure 2 ).
All stations include a daily time series of good quality (with few missing data) over the considered period. The in situ measurements of SWin are also from the GDM with data available every 15 minutes for 4 stations (Figure 3 ). In the present study, 24h-mean values of these radiative fluxes are used.
ERA-Interim and ERA5 atmospheric reanalyses
ERA-Interim is a global atmospheric reanalysis produced by the ECMWF [23] . At the time of this study, ERA5 is a new product and to the best of our knowledge, only three other studies compared the performance of ERA5 and ERA-Interim. In [4] , the authors assessed the two reanalysis ERA5 and ERA-Interim using them to force the ISBA LSM over North America. Better performances in the representation of evaporation, snow depth, soil moisture and river discharge estimates were observed in the simulations forced by ERA5. They were attributed by the authors to the improved precipitation estimates. Urraca et al. [25] compared SWin estimates from ERA5 and ERA-interim at a global scale, and observed a better performance with ERA5. Finally, Beck et al.
[24] highlighted good performance of ERA5 precipitation with respect to 26 gridded subdaily precipitation datasets using Stage-IV gauge-radar data for the evaluation over the continental United
States of America.
ASCAT soil water index and GEOV2 leaf area index
This study uses the ASCAT Soil Water Index (SWI) product distributed by the CGLS through its third version, i.e. SWI-001 Version3.0. The SWI refers to the soil moisture content in relative units between 0 (dry) and 100 (saturated). It is computed based on a recursive exponential filtering method [39] using the backscatter observations from the ASCAT C-band radar on board MetOP satellites [40, 41] . The SWI retrieved from the exponential filter using a T-value (characteristic time length; the higher the T-values, the smoother the SWI) of one day is used. It represents the SWI in the top soil layer [39] . It is used in the present study as a proxy for SSM. During the period considered in the experiment, the amount of soil moisture data increases in 2015 because the data from MetOP-B (launched in 2012) are used in addition to those from MetOP-A (launched in 2006) (see Table 1 ). Figure 1a presents the map of the average ASCAT SSM estimate for the whole January 2007 -June 2018 period over the study area. For more details on the ASCAT SSM, readers are referred to [18] . Consistently with previous studies, e.g. [42] , SSM displays a typical spatial structure which is dominated by a strong meridional gradient (with wetter soil to the South and drier to the North). Some smaller scale patterns also emerge, such as enhanced SSM spots along the Sourou river (13.04 °N, 3.04 °W) and around Niono in Mali (around 14.15 °N, 5.59 °W) in the north eastern part of the domain. These are consistent with existing mapping of water bodies in the region (e.g. [43] ) and also probably related to the presence of irrigated rice puddles and crops [44] .
In the purpose of assimilating the SSM product, a rescaling of observations into model climatology space is needed in order to avoid introducing any artificial bias in the system caused for example by a possible mis-specification of physiographic parameters related to soil texture types [41, 45] . To that end, the SWI product is transformed into model-equivalent SSM (from the model second layer of soil, 1-4 cm), based on the first two statistical moments (the mean and the variance) through a linear transformation [46] . The relevance of performing a seasonal rescaling was emphasized by several studies (e.g., [26, 47] ). In this study, the matching of SSM statistical distributions was made on a monthly basis by using a 3-month moving window over the January 2007 -June 2018 period after screening for the presence of urban areas (> 15 %) and complex terrains (1500m a.s.l.).
Finally, the SWI observations are interpolated by an arithmetic average to the 0.25° model grid points (from their original 12.5 km spatial resolution). The GEOV2 LAI observations are also distributed by the CGLS. They are retrieved from the SPOT-VGT and PROBA-V satellite data using the methodology prescribed in [48] . The 1 km x 1 km resolution observations are interpolated to 0.25° model grid points through an arithmetic average as in [12] , so that at least 75 % of the grid points are observed. In terms of temporal resolution, LAI observations are available with a 10-day frequency (at best). Figure 1b illustrates the averaged LAI (January 2001-June 2018).As in Figure 1a , the spatial structure of LAI is dominated by a strong meridional gradient (from lower LAI to the North to higher LAI to the South). This correspond to three climatic regions: the Sahel (SH), the Sudan-Sahel (SS) and the Sudan-Guinea (SG). The country's climate is characterized by two distinct seasons: a dry season and a rainy season (May to October) with growing seasons varying from six (SG region) to three (SH region) months [36] . 
Evapotranspiration and gross primary production
Independent datasets of evapotranspiration and gross primary production (GPP) are used to assess the quality of LDAS-Monde reanalysis of LSVs.
Terrestrial evapotranspiration estimates are from the GLEAM (Global Land Evaporation
Amsterdam Model) v3.1. product [49] . They cover the period 1980-2016 and are available at a spatial resolution of 0.25° x 0.25°. The GLEAM dataset is widely used for investigating both trend and spatial variability in the terrestrial water cycle (e.g. [50] [51] [52] ) as well as land atmosphere interactions (e.g. [53, 54] ). In short, the model computes the terrestrial evaporation and root-zone soil moisture [55] and is mainly driven by microwave remote sensing observations, potential evaporation amount being constrained by satellite-derived soil moisture.
For the evaluation of GPP, we use estimates derived from meteorological parameters through the use of machine learning algorithms within the FLUXCOM project [56] . This set of observations can be found at the Max Planck Institute for Biogeo-chemistry data portal (https://www.bgcjena.mpg.de/geodb/projects/Home.php, last access: November 2018) and is available at a 0.5° x 0.5° spatial resolution with a monthly temporal frequency over the 1982-2013 period. In this study, GPP products were used over the 2001-2013 time period.
Experimental setup and evaluation strategies
In this study, we first evaluate both precipitation and SWin variables from ERA-Interim and ERA5
reanalyses against in situ measurements. On the basis of this evaluation (section 3. Table 2 ). For the evaluation of both precipitation and
SWin from ERA5 and ERA-Interim reanalyses, the 2010-2016 period and the year 2017 are considered, respectively.
Results
Evaluation of ERA5 and ERA-Interim reanalyses
The performance of ERA5 and ERA-Interim precipitation and SWin is assessed by comparing reanalyses with the in situ measurements described earlier.
The statistical scores for 2010-2016 daily precipitation from ERA5 and ERA-Interim with respect to 134 gauge stations spanning all over BF are shown in Table 2 . Median R (resp. ubRMSD) value for total monthly precipitation time series along with their 95 % confidence interval is 0.82 ± 0.009 (52.02 ± 1.39 mm/month) for ERA5, and 0.77 ± 0.010 (58.44 ± 1.42 mm/month) for ERA-Interim.
These results demonstrate the ability of ERA5 reanalysis to better represent precipitation variability than ERA-Interim. ERA5 performs better than ERA-Interim for 84 % of the precipitation gauging stations for R values and 89 % for ubRMSD values. This is also illustrated by maps in Figure 2 where triangle (circle) symbols indicate stations where ERA5 performs better (worse) than ERA- both closer to in situ observations in the northern (lower ubRMSD values) than in the southern part of the domain. Overall, ERA5 performs better than ERA-Interim likely due to an improved representation of convective precipitation in the tropical region [57] and to the larger number of assimilated data; it is also possibly related to its higher spatial resolution. reanalyses broadly capture these features, even though they tend to overestimate SWin (in particular during the monsoon when clouds induce sharp drops which can reach more than 100 W/m 2 ) -a similar bias also noted by [60] at the relatively close Sahelian site of Niamey. However, this bias is slightly reduced in ERA5. This implies that ERA5 performs better in representing SWin variations than ERA-Interim over BF. This better performance of ERA5 is also probably related to the implementation of an improved radiation scheme (REF) (see [61] for more details). observations and the difference between the analysis and the modeled LAI. Observations indicate a sharp jump of LAI in April, very likely in response to the increase of soil moisture availability due to the start of the rainy season. However, an increase in LAI is also observed earlier in the SG region (southern part of the domain) from February to May; i.e. before the first rains. Interestingly, this peculiar behaviour would be consistent with findings from in situ studies from [62] [63] [64] which point to some tree species that put on leaves before the first rains of the season. This functioning does not appear to be linked to soil moisture [65] . It could involve rises of air temperature or humidity though the precise mechanisms at play are still unknown. In any case, this process is not represented in the ISBA LSM, leading to a temporal shift of two to three months in the leaf onset and an underestimation of observed LAI. Considering now the three climatic regions of BF, it appears that the correlation between the analyzed and observed LAI is lower during the rainy season in the SG region while it is higher in the SS and SH regions (Figure 9b ). This reduction of R values in the analysis during the rainy season in the SG region could be related to a decrease in the number of observed LAI linked to cloud cover (see Table 3 ). Overall, the assimilation corrects the model seasonal responses by increasing LAI during the rainy season and decreasing LAI after the rainy season especially in the sudanian region (SS and SG regions). As mentioned above, the impact of assimilation on SSM is relatively weaker than on LAI. This can be seen for instance in Figure 11a which shows that the annual cycle of SSM in both the model and the analysis are well correlated with ASCAT SSM estimates (R always higher than 0.88). Figure 11a also indicate a positive impact of the assimilation especially from January to May and from October to December with regard to the model, emphasizing the improvement in SWI values. Removing the seasonality effect through anomaly time series allows to assess the shorter-term variability of soil moisture. Better results are again observed with the assimilation. The impact of the assimilation on the representation of soil moisture shorter-term variability is further presented using maps of anomaly correlations between soil moisture before and after assimilation against ASCAT SSM estimates ( Figure 11c and d) ; as well as using their correlation differences (Figure 11e ). It is evident from Figure 11c and Figure 11d that the analysis improves soil moisture simulations over the whole domain with a more pronounced impact over the Sudanian region i.e. SH and SG (Figure 11d ).
Looking at correlation differences based on anomaly time series, positive values dominate especially in the SH and SS regions along with a rather neutral effect in the southern part of the domain. between (c) soil moisture from the ISBA LSM and the SSM estimates and (d) soil moisture after assimilation and the SSM estimates. The map (e) expresses the difference between (d) and (c).
Evaluation using independent datasets
For evapotranspiration and GPP, seasonal scores (RMSD and R values in Figure 12 ) are computed for the model and for the analysis. For evapotranspiration, only vegetated grid points (> 90 %) are considered. After the joint assimilation of SSM and LAI, a small positive impact on evapotranspiration is observed, as found in [29] . However, there is a clear improvement in GPP in terms of RMSD and R scores especially from January to August (Figure 12c and Figure 12d ). While the impact on R values of the analysis is equally distributed over the domain for both evapotranspiration and GPP, a larger (positive) impact on RMSD values is found on the southern part of the domain (not shown). This is in agreement with the analysis impact on LAI described above. The LAI representation could be enhanced even more using more efficient observation and assimilation systems. For example, one single LAI observation was used within a grid cell for all types of vegetation to perform the assimilation, making the Kalman gain and the increment disaggregation relying on the vegetation type as in [26] . This procedure could be improved by performing the assimilation using disaggregated values of LAI for each individual vegetation type.
Such a LAI disaggregation method was recently proposed by [68] . Munier et al. [68] produced disaggregated global LAI maps available every 10 days for each vegetation type available from ECOCLIMAP-II over 1999-2015. Assimilating the disaggregated LAI could impact the analyzed LAI and other vegetation related variables, mainly evapotranspiration and GPP as emphasized in [68] . Also, LDAS-Monde analyses for SSM variable could be improved by implementing an observation operator for ASCAT radar (backscatter coefficients), instead of assimilating a retrieved soil moisture product. It would allow a direct assimilation of level 1 data and the use of all the information contained in these observations [69] . Based on these preliminary results, future works 
